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Abstract : Autonomous driving perception systems frequently experience severe performance degradation in adverse weather
because of domain shift. This study addresses the problem by constructing merged custom datasets that separate clear-weather
source domains (BDDI100K, KITTI) from adverse-weather target domains (DAWN, ACDC, Al-Hub). A unified framework
that combines Domain Adaptation (DA) and Domain Generalization (DG) is proposed based on a YOLOv8I object detection
model. Feature-level adversarial alignment with a Gradient Reversal Layer makes it possible to leam domain-invariant
representations, yielding a substantial gain in cross-domain robustness, including a 26.74 % reduction in Domain Transfer
Degradation Rate (DTDR) and a 73.53 % improvement in Robustness Index (RI) over the source-only baseline. A
Leave-One- Weather-Out domain generalization protocol further enhances robustness under unseen weather conditions,
achieving average DTDR and RI improvements of more than 110 %. These results indicate effective mitigation of
weather-induced domain shift in real-world autonomous driving applications.

Key words : Autonomous driving perception system(A-&573) Q1| A|2~Hl), Domain shift(:=H|Q] A]LE), Source domain
(42 =91, Target domain(EFZ] E=|2]), Domain adaptation(%=™]Q] %}-3), Domain generalization(=H|Q] UuIShH),
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Fig. 1 Domain shift problem due to changes in weather
conditions
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Fig. 2 The concept of domain adaptation”
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Fig. 4 The overview of proposed system
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Fig. 5 Adversarial training process of feature-level adversarial
alignment
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Fig. 6 The pipeline of feature-level adversarial alignment
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4. A@ H3(Experiments Setting)
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classes Traffic light, Bus, Train, Truck,
(9 classes) Traffic sign
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¢ x 000 | TXT
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Table 2 A weather-balanced train set for DG

Train set

A B Total
Clear | Fog |Rain |Snow | Sand | Night | Cloudy
Fog | 250 | NA | 250 | 250 | 250 | 250 | 250 | 1,500
Rain | 250 | 250 [ NA | 250 | 250 | 250 | 250 | 1,500
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EE AL Table 49] YN sl=9o] H AT EY]
o] ZH7ellA F=aste] Aol FAPAL S, 1
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A gy 132 918 9 slo] | uEn] g o))

Table 4 Experimental environment

Snow | 250 | 250 | 250 | NA | 250 | 250 | 250 | 1,500

Model Experimental PC specification

Sand | 250 | 250 [ 250 | 250 | NA | 250 | 250 | 1,500
Night | 250 | 250 | 250 | 250 | 250 | NA | 250 | 1,500
Cloudy | 250 | 250 [ 250 | 250 | 250 | 250 | NA | 1,500

Table 3 A weather-balanced validation set for DG

Validation set
C D Total
Clear| Fog | Rain |Snow| Sand | Night | Cloudy

Target
weather

Ubuntu22.04 Intel Corei9-10900X, 128GB RAM,
Nvidia Geforce RTX 3090<4EA, CUDA 11.8,
Python-3.9.21, torch-2.1.2+cul 18

YOLOvEI

Table 5 Main parameters setting for source-only model and

Fog 49 | NA | 49 | 49 | 49 | 49 49 204

Rain | 49 | 49 | NA | 49 | 49 | 49 49 204

Snow | 49 | 49 | 49 | NA | 49 | 49 49 204

Sand | 49 | 49 | 49 | 49 | NA | 49 49 204

Night | 49 | 49 | 49 | 49 | 49 | NA 49 204

Cloudy | 49 | 49 | 49 [ 49 | 49 | 49 NA 204

DA adversarial leaming
Task Parameter Value
IMG_SIZE 640
Source-only model learning BATCH 8
EPOCHS 100
AA _EPOCHS 20

AA BATCH SIZE | 4
LEARNING RATE | 5e-5
LAMBDA_ADV 0.5

Feature-level Adversarial

Alignment
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5. 80} U A (Experiment Results and Analysis)
H oA A3 DA 2 DG A9 aFE
Ao 2 FA%c WA wxp =l ¢ A 2] DA
J'5 & H713 F, Leave-One-Weather-Out 717 DG 28
A3E A, v ge s F AT U] AiE F
FH oz g

51 uz =0Ql ds Eot

A Az el B2l EvQl 7he] At v}l A
s % 7HCross domain evaluation)Z 2183} c). & =
HlolA] g3t RS Ax TYRlofA HAESHE
S-S, B} =vRleA] g3 BdE el mrlelA
HEEstE 7>Tg I F, &2 EvQloA s
298 g7 EvQloA HAESE S»>T Y B3l =1
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S

Fig. 9 The overview of leaming, validation, and testing pipelines
for DA and DG

1036 B=RASABE =2 A4A AE, 2026

Table 6 Experimental results of cross domain evaluation

Protocol | Precision | Recall | Fl-score | mAPS0 | mAP50-95

S—S | 08509 |0.6949 | 0.7650 | 0.7625 | 0.5403

T—T | 07644 |05323 | 06276 | 0.5912 | 04166

S—T | 05406 |0.1648 | 02526 | 0.1631 | 0.0929

7—S | 03011 |02108| 02480 | 0.1895 | 0.1041
Domain Transfer §—=T 78.61%
Degradation Rate (DTDR) | T—s§ 67.95%
Robustness Index (RI) i B0
T—S 042

Table 62] DTDR ZEO.2HE] 220 EJZl 02 &
¢l Aol Al 7861 %, EFlOA] A2 =]l Ho] Al
67.95 %2 29 A5 Asl7} dAse ) RIE= o 8] =
Qlol| A Zdlo] obg A2 Atsst 4] A EEA 19
VWSS Bdo] sy Aze) Bl 7hz) 035,
0429 A2 RE =vQ] o] A]| Bde] i) o
sl AL & 53l

o2 2 Ao A 71 DA 2 DG 7]%ke] 29 91
A spo] TRl A L2 53 M2 gdE 87 71| =gl
A ZE FA7} A=A 8181

52 DA Ay 23}

DAAEA = g G S o= T4 42 =
1ol A Stk g obH T 29 Bl =l A
B3t] A5E Wreaith vl i &2 Ev]l ]
olEIRkS ARgdl &hs5’t Source-only =R}, QML
Feature-level adversarial alignmentZ 7-83% DA Zd o[t}

Table 7 A test result of source-only model for target domain

Test result (Model metrics)
Class Images | Precision | Recall F1 mAPS50 | mAP50-95
All 1,000 | 0481 | 0.185 ] 0.197 | 0.157 0.089
Person 329 0.556 | 0.312 0292 0.137
Bicycle 141 1 0 0.065 0.013
Car 957 0.516 | 0.607 0.490 0.304
Motorcycle | 64 0 0 0 0
Traffic light| 304 0.059 | 0.055 - 0.013 0.005
Bus 337 0.541 | 0.212 0.239 0.163
Train 38 1 0 0.018 0.010
Truck 339 0.511 | 0.175 0.211 0.121
Traffic sign| 465 0.143 | 0.305 0.084 0.047
Robustness metrics
Domain Tran:fDe;IL:eRg}radahon Rate 20,38 %
Robustness Index (RI) 0.34




Robustmess Evaluation of Image Perception Using Ad

Table 8 A test result of feature-level adversarial alignment
framework for target domain

Test result (Model metrics)

Class  |Images |Precision| Recall [ F1 | mAP50 |mAP50-95
All 1,000 | 0575 | 0267 [0.365] 0321 0.187
Person 329 | 0623 | 0414 0.511 0.236
Bicycle 141 0572 | 0.126 0.145 0.058
Car 957 | 0.667 | 0.626 0.593 0.426
Motorcycle | 64 0.098 | 0.101 0.138 0.043
Traffic light| 304 | 0226 | 0179 | - 0.183 0.093
Bus 337 | 0603 | 0337 0472 0.278
Train 38 0.133 | 0.121 0.114 0.017
Truck 339 | 0615 | 0308 0.562 0.264
Trafficsign| 465 | 0274 | 0.325 0.168 0.105

Robustness metrics
Dormain Tran:f[t;;][));g}radaﬁon Rate 58.15%
Robustness Index (RI) 0.59

Source-only model

Fig. 10 The test set overlay images for target adverse weather
(fog, rain, snow, sand, night, and cloudy)

ial Alignment-Based Domain Adaptation and Cross-Adverse-Weather Domain Generalization
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Scunce-anly vs Feature-level Adversarial Aligrmens
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Fig. 11 Comparison of key metrics and robustness metrics of
source-only model and DA model
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Table 9 A test result of target adverse weather (fog)

27HA &AM, oRkhel AA diE 4 AAlEk,
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5.3.1 ER2L o W(Q17H)

Ml 7 & R =], N B A’ U A
GRES S Bl o2 HA3te] 3153 Source-only
RS Sl 7] Hl=ERE A= Table 9 & Fig. 12,
133} gt

Source-only model

Target Test set Total
weather | Clear | Fog | Rain |Snow| Sand | Night | Cloudy
Fog 0 84 0 0 0 0 0 84
Test result (Model metrics)
Class Images |Precision| Recall [ F1 |mAP50 |mAP50-95
All 84 0.761 | 0.433 [0.533 | 0.539 0.294
Person 22 0.722 | 0.492 0.525 0.300
Bicycle 7 0.678 | 0.100 0.188 0.051
Car 83 0.879 | 0.633 0.767 0.503
Motorcycle 5 1.000 | 0.443 0.839 0.247
Traffic light| NA NA NA - NA NA
Bus 6 0.498 | 0.375 0.298 0.144
Train + 0.763 | 0.600 0.663 0.583
Truck 37 0.787 | 0.391 0.495 0.228
Traffic sign | NA NA NA NA NA
Robustness metrics
Domain Tran:ﬁ;]];)le{g}radaﬁon Rate 4320%
Robustness Index (RI) 0.82

1038  SRASABEE =2 A34H AL, 2026

Fig. 12 The test set overlay images for target adverse weather
(fog)

FOG | Test Performance Comparisan

Key metrics
FOG | Domain Trarsfer Degradation Rste (DTDR) FOG | Pobustress Index (RI)
L - oureaniy |- saurce iy
” 758 = o 0822
%
o 064
£ F:l
H a Qa1
d e
-3
50 =
8
iR Mebzgtrai Indan
Robustness metrics (DTDR) Robustness metrics (RI)

Fig. 13 Comparison of key metrics and robustness metrics of
weather-specific source-only model and DG model
(fog)
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Table 10 A test result of target adverse weather (night)
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NIGHT | Test Pesformance Compasison

Lsave Do Wsathe Dut

Target Test set Total
weather | Clear | Fog | Rain |Snow| Sand | Night | Cloudy
mght | 0 0] oo o]sa] o |54
Test result (Model metrics)
Class  [Images| Precision | Recall | F1 |mAP50|mAP50-95
All 54 0.798 0.374 10449 | 0424 0.254
Person | 33 | 0853 |0.62 0244 | 0.09 Keymesice
Bicycle | 13 | 0734 | 0.087 0.150 | 0.075 T o Totr Dot e OO NGHT gy e )
Car | 53 | 0s03 [oses 0.630 | 0438 ol o ) |
Motorcycle | 12 | 0899 | 0.143 0.188 | 0092 d
Traffic light| NA NA NA - NA NA 7 ik
Bus 5 | 0355 | 0333 0293 | 0.147
Train 12 | 1000 | 0.324 0469 | 0244 I
Truck | 3 | 0941 | 1.000 0995 | 0686 ; L
Traffic sign | NA NA NA NA NA aon i etz gkt
Robustness metrics Robustess metrics (DTDR) Robustness metrics (RT)
Poein Tmn:ﬁ;[[:eRg)mdanon o 7.16 % Fig. 15 Comparison of key metrics and robustness metrics of
Robustness Index (R]) 0.96 weather-specific source-only model and DG model
(night)
Source-only model DG framework Source-only model DG framework

2ar 1.5

Fig. 14 The test set overlay images for target adverse weather
(night)

Fig. 16 The test set overlay images for target adverse weather
(rain)
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Source-only model
L ' b

Fig. 17 The test set overlay images for target adverse weather
(snow)
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Fig. 18 The test set overlay images for target adverse weather
(sand)
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Fig. 19 The test set overlay images for target adverse weather
(cloudy)
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